Marine ecosystem models have advanced to incorporate metabolic pathways discovered with genomic sequencing, but direct comparisons between models and "omics" data are lacking. We developed a model that directly simulates metagenomes and metatranscriptomes for comparison with observations. Model microbes were randomly assigned genes for specialized functions, and communities of 68 species were simulated in the Atlantic Ocean. Unfit organisms were replaced, and the model self-organized to develop community genomes and transcriptomes. Emergent communities from simulations that were initialized with different cohorts of randomly generated microbes all produced realistic vertical and horizontal ocean nutrient, genome, and transcriptome gradients. Thus, the library of gene functions available to the community, rather than the distribution of functions among specific organisms, drove community assembly and biogeochemical gradients in the model ocean.
G enomic technologies that elucidate the links between microbes and biochemistry have revolutionized our understanding of marine ecology and the cycling of nitrogen, carbon, and other elements (1) (2) (3) (4) (5) . However, the models used to predict regional and global ocean biogeochemistry and the microbes mediating their variability do not simulate quantities that can be directly compared with genomic data. In deep chemosynthetic environments, simulating the genes of each individual species has proven fruitful (6); however, for the vast diversity of microbes in the open ocean, most of which are uncultured, this approach is impractical. Hence, we developed the Genome-based EmergeNt Ocean Microbial Ecosystem (GENOME) model, in which organisms with genomes and transcriptomes are simulated and compared with "omics" data. The model was inspired by trait-based emergent phytoplankton community models (7), but we took a different approach to developing model microbes with diverse metabolic potential. The model addresses how the distribution of metabolic functions among members of microbial communities influences ocean biogeochemistry (8) , asking whether communities with distinctly different types of organisms but common metabolic capabilities create similar marine biogeochemical gradients over space and time.
Constructing model communities
The GENOME model was incorporated into a general circulation model of the tropical and subtropical Atlantic Ocean to provide flow fields and environmental conditions for the model communities. To construct model communities, organisms were first randomly assigned sizes (1 to 2000 mm) spanning the range from bacteria to large phytoplankton. General substrate uptake affinity, growth rate, mortality, and sinking parameters were established, which varied with size on the basis of observations and theory (fig. S1 and table S2) (9) (10) (11) . These allometric equations described functional responses for all organisms as a function of their size, but the functional responses were only applied when an organism carried a gene relevant to the response. For example, functional responses to light were not invoked for organisms lacking a light-harvesting gene. The model was not especially sensitive to the slope of these scaling relationships because the cumulative impact of the traits associated with each gene led to high variance in the scaling relationships, consistent with observations of natural populations ( fig. S1) .
Each organism was then randomly assigned a degree of complexity (number of genes selected from 20 gene functional groups; table S3). Here, we use the term "gene" to refer to a single marker gene used to identify a biochemical pathway that might involve many coordinating genes. To avoid generating "super" microbes with all gene combinations simultaneously, the model penalized complexity by linearly reducing maximum potential growth rate as the gene number increased. This accords with the hypothesis that microbes with smaller genomes require less carbon and other limiting nutrients to produce a new cell (12) but are unable to maintain as many specialist gene functions (13) , although in practice this may not always be the case (14) . In the model, organisms with highly streamlined genomes had reduced energy investment in replication and reduced expression and maintenance of specialist gene functions. In contrast, organisms with high genome complexity were capable of responding better to more nutrient-and energyreplete environmental conditions. This assumption was consistent with research illustrating genome streamlining in some marine bacterioplankton (15, 16) , yet allowed specialist life strategies that enabled more complex organisms to thrive in oligotrophic environments.
The model constructed genomes for each organism by randomly assigning genes from the predetermined ensemble (table S3) of known genes or environmental responses for which an indicator gene has not been identified. The ensemble accounts for the cycling of nitrogen and organic matter in the Amazon River plume, for which we have "omics" observations and biogeochemical data (17) (18) (19) . The model genetic pathways each mediate a biochemical transformation or metabolic process. Organismal responses were adapted using the costs and benefits estimated for each genetic pathway in the organism's genome ( fig. S1 and table S3). The actual costs and benefits of maintaining or transcribing genetic pathways are unknown for most metabolic functions; thus, their relative magnitudes were estimated indirectly. First, the organismal integrated cost-benefits were scaled to create variance in the size-structured environmental response functions, consistent with observations ( fig. S1 ). Second, the relative cost-benefits were adjusted to ensure that all the model genes existed in at least one organism somewhere within the model domain. Third, for nitrogen fixation and nitrification, for which we have observations of genes, transcripts, and biochemical rates, cost-benefits were adjusted until the model simulated reasonable integrated basinwide rates of nitrogen fixation and local rates of nitrification. Last, our limited direct observations of gene and transcript abundance provided a constraint on the model. Importantly, all organisms given a particular genetic function received the same cost-benefits for that gene, although their integrated responses varied widely according to the other genes they carried. Because different microbial communities emerged in each model run, the basinwide biochemical transformations mediated by the community were not tuned to match observations and were thus free to vary as environmental conditions changed.
Seven substrates and 68 microbes coexisted at any given time, which is computationally taxing but still insufficient to explore all genetic combinations. To incorporate broader genetic potential, organisms whose biomass never rose above 1% of the local community anywhere in the model were replaced with a new organism. Most organisms were rapidly replaced because their genomes did not encode a sustainable organism in the model ocean. Others persisted for long periods but were ultimately replaced by new organisms that were better adapted to exploiting the model ocean and community (Fig. 1) . Coles Each model simulation included more than 2000 organisms over the course of 20 years.
Modeling regulation of transcription
Equations for each organism were dynamically linked to dissolved and particulate substrates, such as nitrate, ammonium, and marine and terrestrially derived organic matter (eqs. S1 to S34). Model microbes had multiple strategies for energy and substrate acquisition depending on their individual genomes. However, at each model location and time, the model organisms transcribed genes with the highest growth potential given the local environmental conditions. Thus, model microbes up-and down-regulated metabolic processes rapidly in response to external environmental variability. One goal underpinning development of the GENOME model was to have the capacity to compare measurements and models of gene and transcript concentration. Expression levels of genes for substrate uptake or light harvesting were modeled as the sum of constitutive transcription, regulated transcription, and steady-state transcription (eq. S30) and were parameterized using observations of transcription in the Amazon plume. For example, observations of the expression ratio (transcripts per gene) in the plume increased with increasing numbers of transcripts ( fig. S4 ), indicating that elevated transcript concentration was not solely due to higher biomass, but was also caused by up-regulation of nitrogencycling genes in the western tropical North Atlantic (17) . As a result, we modeled constitutive and regulated transcription of these genes as a multiplicative function of nutrient limitation and growth rate (eq. S30). However, the smallest values for modeled normalized transcription were too low compared with observations until very low levels of steady-state transcription, proportional to biomass, were also added to the model. In genes with an observational analog, the comparisons suggested that all three factors may be important in setting the community transcript concentration for substrate transporters. Genes that selected for processes such as biogenic shell formation or motility were modeled as constitutively transcribed as a function of energy availability (20) or the local concentration of particles (eqs. S32 and S33) (21) .
We observed high abundances of cphA and cphB, genes involved in intracellular nitrogen storage, in the nutrient-rich, low-salinity plume, and normalized transcript abundance decreased with increasing salinity and decreasing nitrate. A similar pattern emerged in the model for genes regulating nitrogen uptake ( Fig. 2A) . The ammonium transporter gene amtB and ammonium assimilation gene glnA were also abundant in the fresher region of the plume in observations and high-and low-affinity amtB model gene pathways, coincident with observations of higher ammonium concentrations (Fig. 2B) . Observations of elevated amtB gene expression at a salinity of 32 was associated with production of ammonium by symbiotic diazotrophic cyanobacteria, which was then assimilated by host diatoms (22) (23) (24) . Because the model assumed that fixed nitrogen was used by the organism that fixed it, ammonium assimilation was not simultaneously up-regulated. This presents an interesting challenge for future model evolution. Observed transcript abundance for the amoA gene encoding for nitrification was relatively low, with maximum transcript abundance only 4% of the maximum for amtB, and its and maximal abundance occurred in low-salinity water. The model showed a similar pattern, although it overestimates nitrification at intermediate salinity levels (Fig. 2C) . Measurable nitrite (32 nmol liter −1 ) was observed in the low-salinity water with the highest amoA transcripts, indicating competition for ammonium between nitrifiers, heterotrophs, and photoautotrophs, as occurred in the model. Genetic signatures of the processing of land-derived organic material include transcription of genes such as pcaH and vanA (Fig. 2D) . Both modeled and observed transcription of these genes indicated higher effort allocated to degradation of terrestrial organic matter where concentrations are high, with a sharp decay in transcript abundance as organic matter concentrations dip to less than 20% of the highest observed concentrations (Fig. 2D) .
Large-scale model validation
We ran the GENOME model repeatedly with identical physical forcing but different microbial communities, each randomly derived from a common genetic pool (table S3) . Satellite observations of particle size and density (25) provided spatial patterns for validating the model organism density in different size classes (Fig. 3  and fig. S2 ). However, the satellite-derived particle density also included abiotic particles, such as Saharan dust, that are not represented in the model. Saharan dust collected in Atlantic sediment traps mainly falls into size classes greater than 5 mm, and aerosol optical thickness measurements indicate higher dust concentrations between 20°N and the equator east of 40°W (26) than to the north and south. This is the area where the model underestimated the number of particles larger than 5 mm, compared with observations. The model also underestimated particle abundance in the oligotrophic gyres, which is consistent with underestimated vertical nutrient fluxes at the spatial resolution of this model (27) . The subtropical gyres in the Atlantic are dominated by small particles (<5 mm), whereas coastal, river-influenced, and mixing or upwelling regions with higher nutrient concentrations have greater densities of particles and a higher fraction of large particles (>5 mm) (Fig. 3, A and  C) . The model runs showed the same pattern (Fig. 3, B and D, and fig. S2 ), which was determined by nutrient availability and uptake. Small organisms in the oligotrophic ocean benefit from larger ratios of surface area to volume (28) and lower sinking rates (29) . Larger cells thrive in nutrient-rich coastal and upwelling areas. However, microbes have evolved strategies for compensating for size constraints, such as regulating their buoyancy through ballasting or energetic regulation of turgor pressure (30) or using motility to seek out substrate plumes emitted from moving particles (31) . This allows some large organisms to maintain their presence in oligotrophic regions (32) . In the model, specialist genes for increasing nutrient or substrate uptake, by allocating energy to motility or to high-affinity nutrient transporters, provided a mechanism to offset low nutrient availability ( fig. S3 ). Consequently, each model run maintained populations of large cells that expressed genes encoding for specialist strategies in oligotrophic regions. All the GENOME runs established vertical nutrient distributions that were similar to observations, regardless of the specific organisms that emerged in each run. Some model errors, such as broader and deeper nutrient gradients, were primarily caused by coarse physical model resolution (27) . Vertical gradients in nitrate and ammonium (Fig. 4 , A to J) were determined jointly by abiotic processes, including physical advection and sinking, and biologically mediated processes. One of these processes, nitrification (conversion of ammonium to nitrate, carried out by organisms with amoA genes), illustrates how the model community shaped the distribution of nitrogen species. Although there are no direct observations of amoA transcript concentration, high concentrations of modeled archaeal amoA transcripts (Fig. 4 , L to O) occurred coincidentally with observations of nitrite (Fig. 4K) , which is generated as an intermediate in the process of nitrification, indicating that the model nitrifying communities occurred in the correct locations. Observations of vertical gradients in archaeal amoA genes (Fig. 4P) showed that the greatest concentrations occurred at~100 m and decreased toward 500 m depth (33) . The model runs (Fig. 4 , Q to T) exhibited a similar gradient in most cases. However, the similarity between model runs was lower for genes than transcripts because genes indicate the potential of the community, whereas transcript concentrations reflect the realized model biochemical transformation. It is unlikely that nitrification transcription would be completely silenced, given that observations show similar ratios of genes to transcripts across a broad gradient of depths and nitrification rates (34) . Thus, the model formulation, which allowed nearly complete down-regulation of processes, was likely oversimplified.
Emergent communities and metabolisms in the model
Not just nitrification, but all biochemical transformations in the model, such as the return of organic nutrients to inorganic nutrients, were determined by organisms on the basis of their biomass and growth rates. Thus, the nitrogen transformation rates were not adjusted to set the model nutricline. In conventional efforts to simulate the biogeochemical gradients in the Amazon River plume and elsewhere, model parameters are adjusted to accurately represent these vertical gradients (35) (36) (37) by selecting environmental rates and response functions and by balancing organic matter mineralization and sinking. However, the optimal formulation for each process is likely to differ under changing climate. Because these processes are emergent in the GENOME model, the composition of the emergent communities, the rate of biochemical transformations that the microbes mediate, and the resultant metagenome and transcriptome can freely adapt to a changing environment. The gene for ammonium transport into cells, amtB, was broadly distributed in the model (Fig. 5A) , with a spatial pattern similar to that of ecosystem biomass (Fig. 3) , because this function is ubiquitous. Observations of amtB gene concentrations along a gradient in the Amazon River plume (17, 38) broadly matched the model; however, the spatial scale of the observations was smaller than the gradients achieved in the model. amtB was also actively expressed in the model (Fig. 5B) , because recycling food webs fueled by ammonium dominated in the modeled subtropical and tropical Atlantic.
In contrast, a gene for aromatic compound metabolism (pcaH, indicating aromatic ring cleavage) was observed at lower absolute abundance than amtB, although it remained finite across the sampling domain (Fig. 5C ), and the model projection was consistent with this pattern. Observed pcaH gene expression is generally higher in water with high organic matter content (Fig. 2D ). This resulted in higher transcript concentrations in the model near river mouths, such as the Amazon, Orinoco, and Mississippi, where aromatic compounds are introduced (Fig. 5D) . Each of the GENOME model runs developed a different community with diverse individual genetic capabilities, but for which the community transcriptomes and genomes were consistent with the limited observations ( Fig. 2 and figs.  S4 and S5 ).
At present, we lack mechanistic understanding of the cost-benefit trade-offs for marine microbial communities when carrying, expressing, and regulating genes or synthesizing proteins, and therefore we inferred these indirectly. Furthermore, some processes were included in the model for which we have no identified genetic pathway or marker genes (e.g., genes associated with grazing). As quantitative observations of gene abundance and expression expand, dataassimilative techniques to minimize the difference between modeled and observed gene copy and transcript numbers could provide authentic constraints on cost-benefits for modeling. For example, in chemosynthetic environments for which the Gibbs free energies of reactions are known, a model of gene abundance and production rate has been tuned to replicate observations (6) . The costs and benefits of these gene processes could potentially be determined from their best-fit model parameters.
Different communities, common metabolic functions
Microbial consortia do not align themselves passively along preexisting ocean biogeochemical gradients; rather, they shape the biogeochemical environment in a tight feedback loop that couples the physical environment to biological community structure. Thus, observations of taxa and gene transcription across large gradients in nutrients following the path of the Amazon River plume (17, 19, 24, 39) provided context for testing the ability of the model to reproduce observed patterns. Three potential outcomes of GENOME model simulations were envisioned. Initially, we considered it possible that random allocation of genes to organisms would not result in correct and repeatable biogeochemical gradients because the organisms needed to exploit specific conditions might be absent. However, this was not the case (Fig. 4 and fig. S2 ). Second, it was possible that highly similar emergent communities developed in each model simulation and led to common biogeochemical gradients. Third, it was possible that different emergent communities developed in each model simulation, but their common metabolic functions created similar biogeochemical gradients through space and time (i.e., that metabolic capabilities rather than specific taxa regulated ocean biogeochemistry). The second and third outcomes were evaluated by comparing the similarity of community genomes between model simulations with the similarity of community metabolic expression between model simulations. The similarity between metagenomes (Fig. 6A ) and normalized metatranscriptomes (Fig. 4C) for each model run was computed at locations along the salinity gradient (Fig. 6, B and D) in the model Amazon plume and clustered hierarchically. Salinity is a proxy for biogeochemical and ecological community gradients that are attributable to dilution and biogeochemical dynamics. In general, as salinity increases, inorganic and organic nutrients decrease, and communities shift from groups representing Gammaproteobacteria, Flavobacteria, and diatoms to those containing oligotrophic bacteria, such as SAR11 and autotrophic cyanobacteria (17, 22, (40) (41) (42) .
In the metagenome heatmap (Fig. 6A) , different locations across a broad biogeochemical gradient in a single model run were more similar than equivalent locations across model runs, indicating that the emergent model communities differed widely in genome content between runs. However, the metatranscriptome heatmap, which indicates the actual metabolisms in use at each location (Fig. 6B) , clustered across runs, with similar metabolisms expressed at equivalent salinities. For example, at the lowest salinities, genes encoding for heterotrophic processes involving degradation of dissolved and particulate organic matter (pcaH, AMA, and AMA-det) and processes reducing mortality (motG, mot-P, sil, and cheA) were highly expressed across runs, whereas at intermediate salinities, photosynthesis and nitrogen uptake genes (pcb, pbs, nrt, and amtB) were highly expressed. Thus, the genetic composition of each GENOME assemblage differed between runs, but the metabolic functions were similar for a given environment across model runs.
Conclusions
Randomness in community assembly has also been observed in space-limited communities such as the biofilms on macroalgae (43) and in communities of coral reef fish (44) , where genetically distinct communities that perform similar metabolic functions are found in adjacent environments. It is hypothesized that random events determine the arrival of the first organism with a given metabolic function, resulting in highly divergent communities coexisting side by side. By analogy, each model run represents a different surface. However, there is no direct competition for space in the water column. Instead, niche space is hypothesized to be jointly developed by the interaction of physical factors and the metabolic activity of the members of the community that may act as ecosystem engineers (45) . In the model, all simulations developed similar biogeochemical gradients that acted as niche space, indicating that the evolution of metabolic capacity was more important than any specific ecosystem engineer. Global studies of marine dispersal and evolution suggest that microbes disperse more slowly than they evolve, leading to formation of biogeographic provinces (46) . Thus, a testable hypothesis emerging from this work is that the global pool of available metabolic functions, rather than the distribution of functions among organisms, drives community assembly and formation of biogeochemical gradients in the ocean.
